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Heterogeneity in the expression levels of mammalian genes is large even in clonal populations and
has phenotypic consequences. Alternative splicing is a fundamental aspect of gene expression, yet
its contribution to heterogeneity is unknown. Here, weuse single-molecule imaging to characterize
the cell-to-cell variability in mRNA isoform ratios for two endogenous genes,CAPRIN1 and MKNK2.
We show that isoform variability in non-transformed, diploid cells is remarkably close to the
minimum possible given the stochastic nature of individual splicing events, while variability in
HeLa cells is considerably higher. Analysis of the potential sources of isoform ratio heterogeneity
indicates that a difference in the control over splicing factor activity is one origin of this increase.
Our imaging approach also visualizes non-alternatively spliced mRNA and active transcription
sites, and yields spatial information regarding the relationship between splicing and transcription.
Together, our work demonstrates that mammalian cells minimize ﬂuctuations in mRNA isoform
ratios by tightly regulating the splicing machinery.
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Introduction
Heterogeneity among cells in a population, even when they
are genetically identical, arises due to the stochastic nature
of intercellular biochemical reactions. Such variability
has important roles in mammalian cells, such as affecting
the outcome of stem-cell differentiation (Chang et al, 2008),
the latency period of viruses (Weinberger et al, 2005, 2008),
T-cell activation (Feinerman et al, 2008), and the tolerance
of cancer cells to chemotherapy (Spencer et al, 2009). Thus,
understanding the origins of gene expression variability has
become an important goal in cell biology.
Alternative splicing is a highly regulated process in which
the exons of nascent mRNAs are differentially assembled to
form mature mRNAs, thereby increasing transcriptome com-
plexity (Nilsen and Graveley, 2010). As alternative splicing
occurs in 490% of human genes (Wang et al, 2008a),
variability in isoform levels between individual cells is a
potentially large source of gene expression heterogeneity.
Characterizing this variability is particularly important since
alternative splicing frequently creates isoforms with different
cellular functions (Schwerk and Schulze-Osthoff, 2005; Chen
and Manley, 2009; Nilsen and Graveley, 2010).
The regulation of alternativesplicing has been the subject of
much research and has been shown to involve multiple
components. At the RNA sequence level, large strides have
beenmadetowardunravelingthe‘splicingcode,’oridentifying
the cis-regulatory sequences that attract splicing factor
proteins which suppress or promote splicing (Barash et al,
2010). As individual splicing factors can affect numerous
genes, many of these proteins have evolved to tightly
autoregulate their own abundance (Lareau et al, 2007;
Ni et al, 2007; Saltzman et al, 2008). The regulation of
alternative splicing is further complicated by the presence of
upstream, pathway-speciﬁc regulation that can affect the
alternative splicing of distinct genes. Further, recent studies
have shown that histone modiﬁcations (Luco et al, 2010) and
even the elongation rate of RNA polymerase can impact
isoform ratios (de la Mata et al, 2003). However, it is still
unknown how the combined effect of these multiple regula-
tory modules affects cell-to-cell variability in isoform ratios.
Previous studies have demonstrated considerable mRNA
abundance heterogeneitybetweenindividualcellsformultiple
genes (Bengtsson et al, 2005; Raj et al, 2006, 2010; Zenklusen
et al, 2008; Gandhi et al, 2011). Although the vast majority of
mRNAs undergo alternative splicing, the extent of cell-to-cell
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is still unknown. To answer this question, we used single-
molecule mRNA isoform imaging to assess the isoform ratio
variability for two endogenous genes, CAPRIN1 and MKNK2,
in a clonal, non-cancerous diploid cell line (Rpe1, retinal
pigment epithelial cells) and in a clonal, cancerous cell line
(HeLa, cervical epithelial cancer cells). We found that cell-to-
cell variability in isoform ratios for Rpe1 cells was remarkably
close to a binomial partitioning of isoforms, or the minimum
possible in the absence of feedback. In contrast, isoform ratio
variability in HeLa cells was substantially higher. Further
statistical analysis of potential variability sources and knock-
down of a key splicing factor suggested that the increased
variability in HeLa cells is a function of reduced control
over the regulatory splicing machinery. Finally, making use
of the spatial resolution of our data, we showed that not
all nascent CAPRIN1 mRNA transcripts are alternatively
spliced co-transcriptionally.
Results
Identiﬁcation of candidate genes for single-
molecule imaging of alternative RNA splicing
The absolute abundance of endogenous mRNA transcripts in
individual cells can be quantiﬁed using single-molecule
ﬂuorescent in situ hybridization (smFISH; Femino et al,
1998; Raj et al, 2008a). This approach requires the target
mRNA transcript to be sufﬁciently long in order to hybridize
multiple ﬂuorescent probes, thus rendering individual mRNAs
bright enough to be visualized as diffraction-limited spots and
identiﬁed computationally (Raj et al, 2008a).
As the large majority of alternatively spliced genes contain
isoforms that differ only slightly in their mRNA sequences,
we conducted a genome-wide search for genes in which we
can selectively image alternatively spliced mRNA isoforms
(Figure 1). We ﬁrst scanned the genome for genes with two
isoforms in which both isoforms differ substantially in their
RNA sequence (4800bp). Second, we excluded genes with
isoforms that contain different 50 start sites and genes that
have short isoforms (o1000bp). The remaining genes were
sorted by different types of alternative mRNA processing
(Lutz, 2008; Wang and Burge, 2008b): alternative polyadenyl-
ation (304 genes), alternative splicing (138 genes), and
alternative splicing coupled to alternative polyadenylation
(63 genes). We proceeded with the latter two in order to study
the effects of alternative splicing.
To further narrow our list of candidate genes, we examined
each gene individually for further veriﬁcation of the existence
of two isoforms. We ﬁrst checked whether both isoforms were
annotated in the RefSeq database (NCBI) and the UCSC
Genome Browser, and if expression data were present in the
BioGPS database (http://biogps.gnf.org). We next performed
a literature search to see if both isoforms are mentioned
and/or if the gene has a previously characterized cellular
function. Using this approach, we selected a ﬁnal set of
22 genes for experimental validation. By means of qRT–PCR,
we were able to validate the presence of both isoforms for 10
ofthe22genes (SupplementaryTableS1).From these10 genes
we selected CAPRIN1 and MKNK2 due to their interesting
biological functions and long unique RNA sequences for
smFISH probe hybridization.
CAPRIN1 and MKNK2 have different mRNA abundances,
cellular functions, and types of alternative splicing. CAPRIN1
encodes a well-conserved, ubiquitously expressed, cyto-
plasmic, RNA-binding protein implicated in G1/S cell-cycle
progression (Wang et al, 2005; Solomon et al, 2007). Its two
isoforms differ in their terminal exons (Figure 2A) such that
isoform 1 contains a unique RGG RNA-binding motif in its
C-terminus. In contrast, the mRNA isoforms of MKNK2
(MKNK2a and MKNK2b, hereafter isoforms 2 and 1, respec-
tively) are generated as a result of alternative 30 splice site
usage in the C-terminus (Figure 2B) and are together present
at lower levels than CAPRIN1. MKNK2 encodes one of two
human Mnk kinase genes and phosphorylates the cap binding
transcription factor eIF4E on Ser209, an event linked to
tumorigenesis(Topisirovicetal,2004;Wendeletal,2007).The
two isoforms of MKNK2 have different cellular localizations
(Scheper et al, 2003) and basal kinase activity (Buxade et al,
2008), with isoform 1 being predominantly cytoplasmic.
The spliced isoforms of CAPRIN1 and MKNK2
can be imaged and quantiﬁed in individual cells
We imaged the isoforms of CAPRIN1 and MKNK2 using an
smFISH variant in which tens of 20bp-long, ﬂuorescently
labeled DNA probes are hybridized to each mRNA sequence
of interest (Raj et al, 2008a). For CAPRIN1, we hybridized
a distinctly labeled probe set (Cy5 or Alexa555) to each
alternatively spliced terminal exon (Figure 2A and C). For
MKNK2, we targeted one probe set (Alexa555) to the unique
sequence of isoform 2 and another (Cy5) to the entire mRNA
sequence of isoform 1 (which is also shared by isoform 2)
(Figure 2B and D). Isoform 2 molecules were detected as
colocalized spots in both channels with isoform 1 being
All human genes (~20000)
201 genes
22 genes
10 genes
(1) Ensembl database:  Identify genes with AS or
      AS coupled  to alternative polyadenylation
(2) Two isoforms
(3) Same 5′ start site for both isoforms
(4) Long unique sequences (>800 bp)
(1) Crosscheck with RefSeq database
(2) Crosscheck with UCSC database
(3) Literature search for isoform presence
Select genes for qRT–PCR verification
Verify presence of both
isoforms using qRT–PCR
Figure 1 Schematic for identiﬁcation of candidate mRNAs. A series of steps
were taken to identify suitable genes for smFISH imaging of alternatively spliced
isoforms including searching for genes with two isoforms which have the same 50
start site and differ substantially in sequence (4800bp), veriﬁcation of isoform
presenceinmultipledatabasesand/orintheliterature,andqRT–PCRveriﬁcation
of isoform presence.
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Figure 2 The alternative splicing of CAPRIN1 and MKNK2 imaged at single-molecule resolution. (A) The mutually exclusive mRNA sequences of CAPRIN1
isoform 1 and isoform 2 were hybridized to tens of short oligo probes coupled to Alexa555 (green) or Cy5 (red) dyes, respectively. (B) The entire mature
mRNA sequence of MKNK2 was hybridized with Cy5 (red) probes except for the unique sequence of isoform 1 (Alexa555 probes, green). Isoform 1
was detected as a colocalized spot in both channels (yellow). (C, D) Example images of CAPRIN1 (C) and MKNK2 (D) in HeLa and Rpe1 cells, respectively.
Images are maximum intensity projections covering the entire z axis of the cells. Nuclei are stained with DAPI (blue). Scale bars, 10mM. Background
subtraction (ImageJ) applied to merges. (E, F) Maximum intensity projections of cells hybridized with no probes (E) or with 48 randomly scrambled, 20bp, Cy5-coupled
probes (F).
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Figure 3 Detection of active sites of transcription using single-molecule imaging. Transcription sites actively transcribing CAPRIN1 or MKNK2 mRNA were
identiﬁed as colocalized nuclear spots whose signal was either beyond the linear range of detection (4096AU on a 12bit camera) or at least 1.5 times brighter
than the mean spot intensity in both channels. (A) Maximum intensity projections of an Rpe1 cell which containing an active CAPRIN1 transcription site. Arrows
point to the spot that fulﬁlls the criteria for detection as an active transcription site. This spot is also the highest intensity spot for each channel. Scale bars, 10mM.
(B) Intensity plots of the lines in panel (A) show that mRNA spot signals are substantially above background. (C) Intensity histograms of all identiﬁed spots
(mRNAs) in each channel. Arrows point to the spot depicted by the yellow arrows in panel (A). The dashed gray line points to the mean background intensity
for each channel (Alexa555, 452AU; Cy5, 407AU). (D) Active transcription sites were not detected following treatment with the transcription inhibitor
actinomycin D.
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were observed when no probe was used or when using
48 random, 20bp probes (Figure 2E and F).
Accurate quantiﬁcation of RNA transcripts using smFISH
requires a high signal-to-noise ratio. Indeed, the signal inten-
sities from individual mRNAs were much larger than the
background, allowing precise quantiﬁcation of isoform
abundances (Figure 3). Further, the dual color labeling
strategy provided an important control for estimating our
measurementerrorforMKNK2,ascytoplasmicAlexa555spots
should typically have a corresponding Cy5 spot. Using
this control, we found that only B2.5% (Rpe1, 2.8%; Hela,
2.1%) of the cytoplasmic Alexa555 spots were not colocalized
with Cy5. This control can be commonly used in smFISH
studies.
CAPRIN1 mRNA alternative splicing in relationship
to transcription sites
In addition to enabling the quantiﬁcation of absolute isoform
levels per cell, the visual nature of our assay also allowed us
to examine the spatial relationship between alternative
splicing and transcription, speciﬁcally for CAPRIN1. Although
thought to be mostly co-transcriptional (Allemand et al, 2008;
Pandya-Jones and Black, 2009), the actual distance between
splicing of alternative exons and transcription for a given
gene has not been well characterized in mammalian cells.
Our imaging strategy allowed us to assess this distance
selectively for CAPRIN1 by identifying non-alternatively
spliced mRNAs and active transcription sites (Figure 4). The
former were detected as colocalized nuclear spots (which for
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Figure 4 Non-alternatively spliced CAPRIN1 mRNA is present away from transcription sites. (A, B) Maximum intensity projections of CAPRIN1 (A) and MKNK2 (B)
mRNA inHeLacells containing an identiﬁed transcription site(red arrows). Enlargements show enrichment of colocalized nuclear spots (yellow) aroundthe transcription
sites of both genes. One spot is depicted by a white arrow in each enlargement. For CAPRIN1, these yellow spots represent mRNA that has not undergone alternative
splicing. ForMKNK2, inaddition to non-alternatively spliced mRNA, these spots also represent isoform 2. Scale bars,5mM. Background subtraction (ImageJ) applied to
MKNK2 enlargement. (C) Plot showing the abundance of detected transcription sites in HeLa and Rpe1 cells. Bars represent mean±s.d. (n¼3). (D) Histogram of
mRNAdistancefromtranscriptionsitesforCAPRIN1showsenrichmentofunsplicedmRNAuptoseveralmicronsawayfromtranscriptionsites.ndepictsnumberofcells
per plot. Data represent mean±s.d. (n¼3). Source data is available for this ﬁgure at www.nature.com/msb.
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as colocalized nuclear spots whose intensity in both channels
wassubstantiallyhigherthanthatofaveragemRNAs(Figure3;
see Materials and methods). Although this is not a complete
count of all active sites, as it requires the presence of multiple
nearly full-length pre-mRNAs, inhibiting transcription using
actinomycin D conﬁrmed that we do not detect false positives
(Figure 3D).
Spatial analysis of the spots revealed that CAPRIN1 mRNA
that has not been alternatively spliced is enriched near
transcription sites, up to B6–8mm away, when compared
with maturemRNA isoforms (Figure 4D).We alsoobserved an
enrichment of colocalized nuclear spots proximal to transcrip-
tion sites for MKNK2 (Figure 4B). In addition to pre-mRNA,
non-alternatively spliced transcripts may represent mispro-
cessed mRNA since co-transcriptional splicing is thought to be
more efﬁcient (Allemand et al, 2008). Thus, the imaged
transcription sites may contain mature mRNAs in addition to
unspliced transcripts. As the range of nuclear mRNA diffusion
coefﬁcients in mammalian cells is large (D¼0.003–0.7mm
2/s)
(Shav-Tal et al, 2004; Vargas et al, 2005; Shav-Tal and
Gruenbaum, 2009; Mor et al, 2010), our ﬁndings suggest that
alternative splicing or transcript degradation for CAPRIN1 can
occuratleast1.5minaftertheendoftranscriptionandinsome
cases longer.
Quantiﬁcation of isoform ratio variability in Rpe1
and HeLa cells
Single-molecule counting of isoforms revealed that CAPRIN1
and MKNK2 represent different spectrums of cytoplasmic
mRNA abundance and isoform ratios, quantiﬁed herein as
fractional isoform abundance (FIA, or FIA1 for isoform 1)
(Table I). CAPRIN1 mRNA is present on average at B240 and
B130 transcripts per cell in HeLa and Rpe1 cells, respectively,
with isoform 1 being B20-fold more abundant than isoform 2.
In contrast, the two isoforms of MKNK2 are present at similar
levels (B6–20 copies per cell on average) (Figure 5A and B;
Table I). MKNK2 mRNA is roughly seven-fold less abundant
than CAPRIN1 mRNA for both cell types. All analyses refer to
cytoplasmic isoform abundance as this is not biased by the
presence of pre-mRNA, misprocessed mRNA, or introns.
Interestingly, cell-to-cell variability in isoform ratios
differed considerably between the two genes. For CAPRIN1,
the standard deviation of FIA1 was B0.02 in both cell lines,
whereas for MKNK2 it was 0.15±0.008 and 0.166±0.016 for
HeLa and Rpe1 cells, respectively (Table I). The differences
in FIAvariability between the twogenes appear to be inversely
correlated with the B7-fold difference in abundance between
CAPRIN1 and MKNK2. However, this pattern does not hold
when mean isoform abundances are compared across cell
lines. Isoform levels are B2-fold higher in HeLa cells; yet,
FIA variability remains strikingly similar. This suggests the
presence of different sources of isoform ratio heterogeneity.
Sources of cell-to-cell variability in FIAs
Isoform ratio variability can originate from multiple sources.
As mRNAs are typically present in low numbers, the most
obvious source of isoform ratio variability is the stochasticity
of individual alternative splicing events. In the absence
of feedback, this stochasticity presents a lower bound, or
theoretical minimum, for FIAvariability. Since FIAwas poorly
correlated with total mRNA abundance for both genes (Figure
5C and D), this minimum variability can be established as a
binomial (random) partitioning of isoforms about the mean
FIA (see Materials and methods).
Incomparisonwiththistheoreticalminimum,wefoundthat
FIAvariabilityin HeLacellswasmuchlargerthanin Rpe1cells
(4.2-fold for CAPRIN1 and 3.1-fold for MKNK2) (Figure 5E).
Remarkably, FIA variability in Rpe1 cells was close to the
minimum possible (Figure 5E), with only a B9% increase
above the minimum for CAPRIN1 and B20% for MKNK2.
The extremely low level of splicing heterogeneity in Rpe1
cells was striking, but it left open the question as to why
Table I Mean cytoplasmic isoform abundances and fractional isoform 1 abundances (FIA1)
Gene Experiment Cells (N) Copy number (mean±s.d.) /FIA1S FIA1 standard deviation
Iso1 Iso2
CAPRIN1 HeLa 1 191 244±117 11.6±7.0 0.9546 0.0186
HeLa 2 141 226±84 11.9±7.3 0.9504 0.0227
HeLa 3 157 230±99 9.8±5.1 0.9581 0.0177
Average 163±26 234±9.6 11.1±1.1 0.954±0.004 0.020±0.002
Rpe11 160 133±46 6.3±4.0 0.9553 0.0223
Rpe1 2 126 111±37 5.0±2.9 0.9563 0.0211
Rpe1 3 105 124±42 5.4±3.0 0.9573 0.0196
Average 130±28 123±11.1 5.6±0.6 0.956±0.001 0.021±0.001
MKNK2 HeLa 1 163 16.5±10.2 15.9±8.5 0.4992 0.1549
HeLa 2 185 22.4±13.9 20.8±13.9 0.5152 0.1412
HeLa 3 198 18.6±11.4 18.2±9.5 0.5015 0.1538
Average 182±18 19.2±3.0 18.3±2.4 0.505±0.009 0.150±0.008
Rpe11 306 7.6±5.5 12.0±7.8 0.3932 0.1673
Rpe1 2 345 6.2±4.4 9.2±7.4 0.4162 0.1803
Rpe1 3 145 5.8±4.1 9.9±6.8 0.3754 0.1493
Average 265±106 6.5±0.9 10.4±1.4 0.395±0.020 0.166±0.016
Errors for averages are ±s.d. between the mean of the experiments.
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stochasticity in the alternative splicing event itself, cell-to-cell
variability in isoform ratios may also arise from (1) ﬂuctua-
tions in mRNA synthesis rate, (2) ﬂuctuations in regulatory
splicing factors, (3) ﬂuctuations in mean isoform lifetimes
relativetoeachother,and(4)variabilityarisingfromcell-cycle
effects (Figure 6A). We, therefore, investigated these potential
origins of variability.
In the presence of isoforms with different mRNA stabilities,
transcriptionrateﬂuctuationscanleadtoFIAﬂuctuationsover
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Figure 5 FIA variability is close to the theoretical minimum in Rpe1 but not in HeLa cells. (A, B) Histograms of isoform variability for CAPRIN1 (A) and MKNK2 (B).
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FIA variability. mRNA lifetime measurements showed large
differences between the twoisoforms of MKNK2, but less so in
CAPRIN1 (Figure 6C; Supplementary FigureS1). This suggests
that synthesis rate ﬂuctuations may explain the higher
increase in FIA variability for MKNK2 compared with
CAPRIN1 (Figure5E). Indeed, quantiﬁcation of the abundance
of active transcription sites (Figure 4C; see also Materials and
methods andFigure3) islowenough to suggest that MKNK2 is
nottranscribedconstitutivelybutratherinbursts(Levskyetal,
2002; Raj et al, 2006). Further, the variability in total cyto-
plasmic mRNA levels was larger than would be predicted if
the rate of transcription was uniform (Figure 6D; see Materials
and methods and Supplementary Theory), particularly for
MKNK2, consistent with the presence of synthesis rate
ﬂuctuations (Raj et al, 2006). Since FIA variability in Rpe1
cells is close to the minimum possible, these ﬂuctuations may
account for much of the remaining variability beyond the
minimum in these cells. However, the increased variability
seen in HeLa cells requires further explanation as both the
isoform lifetimes and the total mRNA abundance variability
were similar to Rpe1 cells for both genes (Figure 6C and D).
What then are the origins of increased isoform variability in
HeLa cells? Cell-cycle effects cannot explain the differences
between the two cell lines as isoform ratios are poorly
correlated with total mRNA and DAPI signal (Figures 5C, D
and 6E). Similarly, if present, ﬂuctuations in mean isoform
lifetimes would only have an effect if they were uncorrelated
between isoforms. Finally, intrinsic noise in degradation
cannot increase FIA variability in the absence of feedback
(Supplementary Theory). Taken together, our ﬁndings suggest
that it is the tight control of the regulatory splicing machinery
that is compromised in HeLa cells.
To test the effect of ﬂuctuations in splicing factor activity on
isoform ratios, we measured the effect of RNAi knockdown of
SRSF1, an RNA-binding protein that regulates MKNK2 splicing
(Figure 6F–H; Karni et al, 2007). RNAi-mediated knockdown
of SRSF1 should increase variation in the splicing machinery
by disrupting the autoregulation of SRSF1 abundance (Lareau
et al, 2007; Ni et al, 2007). Indeed, this treatment dramatically
increased FIA variability to B250% above the theoretical
minimum set by binomial partitioning (Figure 6H). Immuno-
ﬂuorescence of SRSF1 showed efﬁcient knockdown across all
siRNA transfected cells (Supplementary Figure S2), indicating
that the increased FIA variability was likely caused by
ﬂuctuationsintheregulatorysplicingmachinery.Nonetheless,
although knockdown was apparent across all cells, it is
possible that variability in the residual abundance of SRSF1
contributed to the observed effect as well.
Decreased isoform covariance in HeLa cells
conﬁrms ﬂuctuations in the regulatory splicing
machinery
Finally, we asked whether the presence of splicing factor
ﬂuctuations is quantitatively consistent with the measured
isoform statistics. We developed a stochastic model of gene
expression that includes the effect of ﬂuctuations in the
regulatory alternative splicing machinery, speciﬁcally splicing
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Figure 6 Sources of cell-to-cell variability in fractional isoform abundance. (A) Schematic of sources of cell-to-cell variability in FIA. (B–D) Fluctuations in synthesis
rate are a source of FIA variability, particularly for MKNK2, but cannot explain the increased variability in HeLa cells compared with Rpe1 cells. (B) Schematic
demonstrating how synthesis rate ﬂuctuations, in this case transcriptional bursting, together with differential isoform lifetimes can lead to FIA ﬂuctuations and thus
increase FIA variability. (C) Measurements of isoform lifetimes show differential isoform stability primarily for MKNK2. Data represent values from a ﬁtted curve±s.e.m.
(D) Measured total cytoplasmic mRNA abundance variability is greater than that predicted in the absence of synthesis rate ﬂuctuations (see Materials and methods and
Supplementary Theory). (E) Total cytoplasmic mRNA, but not FIA, is correlated with DAPI intensity. (F–H) SRSF1 knockdown causes a large increase in FIA variability
beyond the theoretical minimum (binomial isoform partitioning). Efﬁcient knockdown of SRSF1 was conﬁrmed by western blotting (F), and led to decreased isoform 1
abundance and increased isoform 2 abundance (G). (H) FIA variability compared with binomial isoform partitioning. Bars in (D, E, G, and H) represent mean±s.d.
(n¼3). Source data is available for this ﬁgure at www.nature.com/msb.
Cell-to-cell variability of alternative splicing
Z Waks et al
& 2011 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2011 7factor ﬂuctuations, and used the model to identify empirical
relationships predicted to exist in the data.
Our approach is based on a canonical model of stochastic
gene expression, whereby both mRNA synthesis and degrada-
tion are assumed to be stochastic events that can be formu-
lated in terms of a chemical master equation (Paulsson, 2005).
In the canonical model, mRNA synthesis is a Poisson
process with a transcription initiation rate n(t) that is
independentofmRNAlevelsandcharacterizedby ﬂuctuations
with a coefﬁcient of variation CVsyn and a correlation time
tsyn. mRNA degradation is similarly modeled as a Poisson
process with an average mRNA lifetime t. Our model builds
on these assumptions, but with several generalizations (see
Supplementary Theory for the complete model). Foremost,
we incorporate into the model the effects of a time-varying
alternative splicing probability P(t), deﬁned as the probability
of generating isoform 1 from pre-mRNA in a given cell at
some time t of the experiment. As with synthesis rate
ﬂuctuations, we characterize P(t) by its coefﬁcient of variation
CV
(1)
sp and its correlation time tsp. For simplicity, we do
not include the effects of mRNA partitioning upon cell division
in the model (Huh and Paulsson, 2011). Simulations of the
model that include the full effects of cell division and binomial
mRNA partitioning resulted in only a minor increase in FIA
variability for both genes (o10% increase) (see Materials
and methods).
We analyzed the complete model to obtain expressions for
the isoform CVs and covariance in terms of the variation in
transcription initiation rate and in splicing factor activity.
Referring to the Supplementary Theory for details of the
calculation, we identiﬁed a simple empirical relationship in
the data, viz.
C ¼
covðn1;n2Þ
n1 hi n2 hi
p CV2
1  
1
n1 hi
  
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
upstreamvariability
inmRNAsynthesis
t1
t1 þ t2 |ﬄﬄﬄ{zﬄﬄﬄ}
lifetime weighted
average
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
isoform1
þ CV2
2  
1
n2 hi
  
t2
t1 þ t2 |ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
isoform2
ð1Þ
with equality holding only in the condition that ﬂuctuations in
the probability of generating a speciﬁc isoform are small. Note
thatwhentheisoformlifetimesareequal(t1¼t2),Equation(1)
becomes analogous to the dual reporter method used to
determine the magnitude of intrinsic and extrinsic noise
sources in protein abundance in living cells (Elowitz et al,
2002). Importantly, even if t1at2, Equation (1) represents a
simple test for the tightness of control over splicing factor
activity within the cell; when splicing factor ﬂuctuations are
present, isoform CVs increase while their covariance de-
creases, leading to the stated inequality in Equation (1). This
prediction is parameter independent and therefore constitutes
a powerful test for splicing factor ﬂuctuations in the empirical
data.
Based on the current evidence for splicing factor ﬂuctua-
tions in HeLa cells but not in Rpe1 cells, we predicted that the
normalized covariance for CAPRIN1 and MKNK2 (left-hand
side of Equation (1)) should be consistently lower than the
lifetime-weighted average isoform CVs (right-hand side of
Equation (1)) in HeLa cells. In contrast, the two sides of
Equation (1) should be similar for Rpe1 cells. The isoform
abundance data indeed conﬁrmed these predictions. By
deﬁning Z as the ratio of CVs to the normalized covariance C
(more precisely, the ratio of the two sides of Equation (1)), for
CAPRIN1 one ﬁnds nearequality in Rpe1 cells (Z¼1.14), and a
largerdeviationinHeLacells(Z¼1.49).Similarly,althoughthe
ratio is high for MKNK2 in Rpe1 cells (Z¼1.52), it is
signiﬁcantly higher in HeLa cells (Z¼2.18). Finally, perturba-
tion of alternative splicing regulation by knockdown of SRSF1
was predicted to induce signiﬁcantly higher ﬂuctuations,
which was again conﬁrmed by a dramatic drop in isoform
covariance (Z43).
Discussion
In this study, we acquired single-molecule images of the
alternative splicing of two endogenous genes and found that
isoform ratio variability in Rpe1 cells was close to the
minimum possible resulting from the probabilistic chance of
individual alternative splicing events. We also found that
isoform ratio variability is increased in HeLa cells. Perturba-
tion of splicing regulation by knockdown of a key splicing
further enhanced this phenotype. Interestingly, the small
differences in isoform ratio heterogeneity between CAPRIN1
and MKNK2 could be explained by a separate mechanism
unrelated to the splicing machinery, namely synthesis rate
ﬂuctuations coupled to the presence of isoforms with
differential mRNA stability. Finally, we used the visual nature
of our assay to show that not all nascent CAPRIN1 mRNA
transcripts are alternatively spliced co-transcriptionally.
Our ﬁnding that cell-to-cell variability in isoform ratios is
close to the minimum possible in Rpe1 cells demonstrates the
efﬁcacy of alternative splicing regulation as measured by its
end result, that is, minimizing ﬂuctuations in isoform ratios
for CAPRIN1 and MKNK2. This suggests that the splicing
machinery has evolved to effectively minimize isoform ratio
ﬂuctuations. In support of this, it was observed that many
individualproteinswithin thesplicing machineryautoregulate
their own abundance through an evolutionarily conserved
negative feedback loop (Lareau et al, 2007; Ni et al, 2007;
Saltzman et al, 2008). As other factors such as histone
modiﬁcations or polymerase elongation rate also regulate
isoform ratios (de la Mata et al, 2003; Luco et al, 2010), our
ﬁndingssuggestthatthesemechanismsmayalsobecontrolled
in a manner that minimizes isoform ratio variability, or
alternatively that their role in regulating isoform ratios may be
less signiﬁcant than that of splicing factors.
In the presence of feedback, the minimum possible
variability in isoform ratios can theoretically be lower than a
binomial partitioning. However, although CAPRIN1 and
MKNK2 could in principle autoregulate their own isoform
ratios, this is unlikely as autoregulation of isoform ratios has
not been widely observed beyond proteins that are involved in
splicing (McGlincy and Smith, 2008). For CAPRIN1, the very
low levels of isoform 2 would make autoregulation difﬁcult
due to stochastic noise (Lestas et al, 2010). Thus,it is not likely
that mammalian cells have evolved a speciﬁc regulatory
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MKNK2, although the two protein isoforms have different
cellular behaviors, the kinase does not bind RNA and is not
thought to act on RNA-binding proteins (Buxade et al, 2008).
Therefore, it is unlikely that feedback has a role; rather it is the
strong regulation of alternative splicing that limits variability
in isoform ratios.
One important aspect to consider when discussing the
impact of ﬂuctuations in the regulatory splicing machinery
on isoform ratio variability is the timescale of these ﬂuctua-
tions (Paulsson, 2005). For ﬂuctuations to have an impact
on isoform ratio variability, they must occur on a timescale
that is comparable to, or longer than, the mRNA isoform
lifetimes. Thus, our ﬁndings rule against the possibility of
slow ﬂuctuations in splicing factor activity for Rpe1 cells.
While there may be rapid ﬂuctuations in the activity
of regulatory splicing factors on the course of minutes,
these would be biologically irrelevant as most mammalian
mRNAs are typically stable for several hours (Yang et al, 2003;
Sharova et al, 2009). Similarly, synthesis rate ﬂuctuations
must also occur on timescales that are similar to, or larger
than, the isoform lifetimes if they are to increase isoform ratio
variability.
The observation that the alternative splicing of the terminal
exon of CAPRIN1 is not necessarily co-transcriptional may
have implications regarding isoform ratio variability. If the
observed unspliced mRNAs are not misprocessed transcripts
but rather functional pre-mRNAs, it is possible that the spatial
localizationofalternativesplicingaffectscell-to-cellvariability
in isoform ratios as the concentration of regulatory splicing
factors may not be uniform within the nucleus. Conceptually,
this source of variability would fall under the category of
ﬂuctuations in the regulatory splicing machinery.
Our results also have implications for stochastic modeling
of gene expression. The rate of mRNA synthesis for an active
promoter is typically modeled as a Poisson process in
stochastic models of gene expression (Paulsson, 2005). For
an mRNA transcript that undergoes alternative splicing, this
assumption is accurate in the presenceof minimal ﬂuctuations
in the regulation of its alternative splicing. However, in the
case that there are ﬂuctuations, one must consider their effect
onvariabilityinsynthesisrate. Thus,our ﬁndingsindicate that
alternative splicing needs to be incorporated when construct-
ing stochastic models of transcription, depending on the gene
and cell type.
There are many cases in which alternative splicing of genes
has functional signiﬁcance (Nilsen and Graveley, 2010), and it
is likely that many more examples are yet to be discovered.
Interestingly, several alternative splicing events give rise to
isoforms that even have opposing functions (Schwerk and
Schulze-Osthoff, 2005). As such, variability in spliced isoform
ratios of genes may have consequences, just as variability in
gene expression levels can impact various cellular behaviors
(Raj and van Oudenaarden, 2008b).
Heterogeneity in gene expression arises from diverse
sources and is impacted by variability in alternative splicing.
Our ﬁnding that FIA variability in Rpe1 cells is close to the
predictedminimumindicatesthatalternativesplicingistightly
regulated to strongly minimize ﬂuctuations in splicing factor
activity and isoform ratios. This control is compromised in
HeLa cells. Since ﬂuctuations in the alternative splicing
machinery effectively increase variability in mRNA synthesis
rates, our results demonstrate the importance of mRNA
processing in gene expression heterogeneity. Finally, given
that alternativesplicing cancreateisoformswith different, and
antagonistic,cellularroles,increasedvariabilityinthisprocess
may have functional consequences.
Materials and methods
Screening for candidate genes for smFISH
imaging of alternative splicing
We retrieved the exact genome positions of every exon for all known
mRNA isoforms within the Ensembl database (http://www.ensembl.
org). Genes were sorted by the number of isoforms, and only those
with two isoforms were selected (5111 genes). We wrote code in
MATLAB (Mathworks) to align the two isoforms of the selected genes,
quantify differences in sequence length, and sort genes according
to their respective alternative mRNA processing event: splicing,
polyadenylation, or both.
qRT–PCR
RNA was extracted using RNeasy spin columns (Qiagen). cDNA was
synthesized using Superscript III reverse transcriptase (Invitrogen)
with oligo(dT) primers. Ampliﬁcation reactions were prepared with
Sybr-Green PCR master mix (Applied Biosystems) and run on the
BioRad iCycler iQ detection system. Primer sets were designed using
Primer3 software (http://frodo.wi.mit.edu/primer3). Many primers
were designed to span or to be complementary to exon junctions to
distinguish between alternatively spliced isoforms. Products were
tested by agarose gel electrophoresis to verify the presence of a single,
correctly sized, ampliﬁcation product.
Cell culture
Rpe1 and HeLa cells were purchased from American Type Culture
Collection. The cells used in this study were each expanded from a
singlecelltominimizegeneticandepigeneticheterogeneity.Cellswere
maintained and passaged using standard conditions and media.
HeLa cells were transfected with siRNAs targeting SRSF1 (Dharma-
con) or non-targeting siRNAs (Dharmacon) using HiPerfect transfec-
tion reagent (Qiagen) and 40nM total siRNAconcentration. Cells were
plated onto pre-formed siRNA complexes for 36h, and afterwards re-
plated on 6-well, No. 1.5 thickness, glass-bottom plates (MatTek), and
ﬁxed 72h after transfection for imaging.
mRNA lifetimes were assayed by quantifying the decrease in
isoform abundance at multiple time points following transcription
inhibition. Transcription was blocked using actinomycin D (Sigma) at
a ﬁnal concentration of 5mg/ml. We blocked transcription for 4h since
we noticed morphological changes beyond 5h inhibition. mRNA
lifetimes were derived using a linear regression ﬁt which is suitable for
bothlinearandexponentialdecaywhenmRNAlevelsareconsiderably
longer than the experiment time, as is the case here.
Immunoﬂuorescence
Immunoﬂuurescent staining of SRSF1 was done using standard
protocol with a monoclonal anti-SRSF1 antibody (Invitrogen #32–
4600, 1:500 dilution). Fixation was performed by treating cells with
paraformaldehyde for 10min followed by cold methanol ( 201C)
for 10min.
Western blotting
Western blotting was performed using standard protocol. Brieﬂy,
proteins were extracted using RIPA buffer (1% Triton X-100, 0.5%
sodium deoxycholate, 0.1% SDS, and 1  PBS) with protease
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Sampleswererunona4–12%Bis-Trispolyacrylamidegel(Invitrogen)
and probed with a monoclonal anti-SRSF1 antibody (Invitrogen #32–
4600, 1:500 dilution) and a monoclonal, HRP conjugated anti-GAPDH
antibody (Sigma #G9295, 1:1500 dilution).
smFISH probe design and synthesis
smFISH probe sets were designed using online software (http://
www.singlemoleculeﬁsh.com) with the following considerations:
maximize probe number up to 96, minimize deviations from 45%
GC content, and minimize %GC content differences between the two
probe sets of a given gene. Probes were ordered with 30 amine groups
(Biosearch Technologies) and coupled to Alexa555 (Invitrogen
#A20009) or Cy5 (GE Healthcare #PA15101) succinimidyl esters via
HPLC. Probe sequences are listed in Supplementary Tables S3–S6.
Probe lengths and mean GC content are as such: CAPRIN1-A555
(40.1% GC, 96 probes), CAPRIN1-Cy5 (36.4% GC, 50 probes),
MKNK2-A555 (53.5% GC, 60 probes), and MKNK2-Cy5 (54.9% GC,
71 probes).
smFISH microscopy
Cells were plated on 6-well, No. 1.5 thickness, glass-bottom plates
(MatTek P24G-1.5-13-F) and ﬁxed after 24h using 10% formaldehyde
for 10min followed by treatment with 75% ethanol at 41C for X20h.
Fixed cells were typically 10–30% conﬂuent to enable accurate cell
boundary segmentation. smFISH was performed using a previously
described protocol with the following changes (Raj et al, 2008a).
Hybridization and washing conditions were 321C, 10% formamide for
CAPRIN1and371C, 16% formamidefor MKNK2.Themountingbuffer
was created as previously described (Raj et al, 2008a), but also
contained 50% glycerol (ﬁnal concentration) and 75mg/ml glucose
oxidase (Sigma #G2133), 520mg/ml catalase (Sigma #C3515), and
0.5mg/ml Trolox (Sigma #238813) to prevent photobleaching (Vogel-
sang et al, 2008; Cordes et al, 2009). We typically acquired 100–150
stage positions per experiment. Stage positions were selected without
bias. A standard inverted ﬂuorescence microscope (Nikon TE2000)
was used with a  60 (NA¼1.4) objective and a Hamumatsu Orca-ER
camera. We acquired 36–40 focal planes at 0.25mM intervals using
Metamorph acquisition software (Molecular Devices). Typical expo-
sure times per individual focal plane: CAPRIN1(Cy5) 2.8s, CAPRI-
N1(Alexa555) 850ms, MKNK2(Cy5) 3s, and MKNK2(Alexa555) 1.6s.
Image analysis
Quantitative image analysis was done using custom written code in
MATLAB. Cells were segmented manually in MATLAB based on
maximum intensity projections in the ﬂuorescent channels. mRNA
spots were detected as previously described using the algorithm
supplied within that study which includes spot enhancement by a
Laplacian of a Gaussian ﬁlter followed by manual thresholding (Raj
et al, 2008a). Cells which were difﬁcult to segment or in which
thresholding errors could lead to an error of greater than B5% in spots
counted were discarded. We typically analyzed B120–200 cells per
condition (Table I; Supplementary Table S2). The maximal intensity and
centroid position of each spot was assessed. Nuclei were segmented by
global thresholding of the DAPI channel following deconvolution
(Huygens) using a previously described algorithm (http://www.
mathworks.com/products/demos/image/ipexcell/ipexcell.html). Trans-
cription sites were identiﬁed as colocalized spots within the nucleus
whose signal was either beyond the linear range of detection or at least
1.5 times brighter than the mean spot intensity in both channels. The
same detection method was used for CAPRIN1 and MKNK2.
Simulations of binomial isoform partitioning
Simulations were performed separately for each experiment. For each
individual cell in an experiment, we used a random number generator
(MATLAB) to simulate binomial partitioning of isoforms given N total
mRNAs (N¼total cytoplasmic mRNA abundance of that cell) and
P probability of an mRNA being isoform 1 (P¼mean FIA1 for the entire
experiment). We performed 100 iterations for each cell in the
experiment to minimize errors in distribution statistics.
Simulations of total mRNA variability given
a constant, ﬁxed rate of transcription
Simulations were performed assuming Poisson statistics for transcrip-
tion initiation with a mean rate  n, with mRNA degraded following
a near-uniform lifetime ttot, and assuming cell division with a near-
uniform cell cycle Tc. The weighted average mRNA lifetime, ttot,w a s
calculated using the measured lifetimes of both isoforms (t1 and t2)
and their average abundance in a particular experiment (/n1S
and /n2S),
1=ttot ¼
n1 hi =t1 þ n2 hi =t2
n1 hi þ n2 hi
This formula is derived using the mean isoform abundances (see
Supplementary TheoryEquation(6)). ThemeanmRNAsynthesisrate,
 n, was calculated from the total mRNA abundance using the relation
 nt eff¼(/n1Sþ/n2S), where teff is the effective mRNA lifetime that
includes the effect of binomial partitioning of the mRNA population
uponcelldivision.Withaﬁxedcell-cyclelength(Tc)andaﬁxedmRNA
lifetime (ttot), one may show that the effective mRNA lifetime is,
teff ¼
1   2 ttot=Tc
lnð2Þ
Tc
Simulations were implemented using a hybrid Gillespie/queue-based
algorithm (Gillespie, 1977), and consisted of 1000 cells sampled at
random intervals. Figure 6D presents results using doubling times of
Tc¼24and18hforHeLaandRpe1cells,aspreviouslyreported(Zocchi
et al, 1998; Uetake and Sluder, 2004). Simulations using cell-cycle
durationsrangingfrom16to24hhadminimaleffectontheCV,atmost
5%. mRNAwas binomially partitioned between the two daughtercells
upon cell division. To simulate natural variability in mRNA lifetimes
andincell-cyclelength,theparametersttotandTcwereallowedtovary
at random with ±10% variability about their mean, although this had
a negligible effect on the CV.
Simulating FIA variability with binomial
partitioning of mRNA upon cell division
Simulations based on a Gillespie/queue-based algorithm were carried
outtocalculateFIAvariability(deﬁnedasthestandarddeviationofthe
FIA),asdescribedabove.Thesimulationsimplementedthealternative
splicing model deﬁned in Supplementary Theory (Supplementary
Equations (2)–(5))with the additional effect of cell division every time
period Tc. The effect of binomial partitioning on FIA variability was
assessed by comparing the simulation results with those obtained
assuming that mRNA abundance is precisely halved (to the nearest
integer) upon cell division. Simulations were repeated with a range of
parameter values consistent with the measured mean mRNA
abundances and mRNA lifetimes.
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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